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Environmental exposures occur in mixtures of similar or differ-
ent agents from the same or different sources. Attention to mix-
tures has grown in recent years,1 as has interest in causal
inference techniques.2,3,4 Statistical methods for mixture analy-
sis, including weighted quantile sum (WQS) regression, have
become widely available and used.5,6 Investigators recently
reported in Environmental Health Perspectives a new method
that combines aspects of WQS with a causal inference method
known as g-computation7 to estimate the joint effect of all expo-
sures in a mixture.8 The researchers, led by Alexander Keil, call
their new method quantile g-computation.

It is difficult to tease apart the potential effects of individual
constituents in a mixture. Keil, an assistant professor of epidemi-
ology at the University of North Carolina at Chapel Hill, explains
that WQS addresses this problem by reimagining the mixture as a
single index. It estimates the effect of an intervention that causes
all elements of the mixture to decrease or increase at once, he
says. “The ‘interventions’ idea is important,” he explains, “because,
as with air pollutants, if we set out to lower one pollutant, it usually
results in systemic changes that lead to decreases in multiple pollu-
tants from similar sources.”

Once investigators have decided which exposures to include
in a mixture of interest, they can ask several possible research

questions. WQS regression is designed to answer one of them: It
estimates the combined effect of these exposures under the two
assumptions that all exposure–outcome associations are a) either
null or in the same direction, and b) linear and additive.

Quantile g-computation relaxes both of these assumptions. In
fact, the researchers showed that WQS is a special case of quan-
tile g-computation in large samples if the two assumptions are
met. To evaluate the performance of both methods, Keil’s team
simulated a large data set (sample size of 100,000) and two
smaller data sets typical of observational studies (sample sizes of
100 and 500). In some scenarios, WQS produced biased effect
estimates when its assumptions were violated.

Of particular interest was the performance of both methods
when some mixture components had counteracting effects on an
outcome. For the mixture effect estimate, quantile g-computation
produced accurate estimates of the true effect, whereas WQS esti-
mates were biased. The new method also produced unbiased esti-
mates when the effects of mixture components were nonlinear. For
example, manganese is an important nutrient at low concentrations
but can be toxic at high concentrations.9 Analysts can model this
relationship with quantile g-computation but not with WQS.

The researchers also studied the impact of simulated unmeasured
confounders on the performance of both methods. Those results

Environmental exposures rarely occur in isolation. But the complexity of chemical mixtures makes it difficult to estimate the effects of individual constituents.
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were of particular interest to Marianthi-Anna Kioumourtzoglou, an
assistant professor of environmental health sciences at Columbia
University. When unmeasured confounders were left out, both
methods produced biased results. Butwhile the bias increasedwith a
growing number of confounders for WQS, it stayed the same for
quantile g-computation.

“This shows that causal inference methods like g-computation
don’t protect us from bias due to unmeasured confounders,” says
Kioumourtzoglou, who was not involved in the study. “However,
they are more robust and perform better under a wider range of
possible models.”

Kioumourtzoglou points out that the estimation of nonlinear
and nonadditive associations is a desirable feature but requires
prior knowledge. For instance, in the manganese example,9

researchers have to decide a priori what type of nonlinear model
is appropriate for this and, ideally, any other nutrients in the mix-
ture of interest.

Thomas Webster, a professor of environmental health at
Boston University who also was not involved in the study,
applauds the authors for promoting a causal framework. “I appre-
ciate that quantile g-computation has a strong theoretical founda-
tion in causality,” says Webster. “The study demonstrates that we
need to apply mixture methods with caution but also shows that
they can be superior to traditional approaches.”

Silke Schmidt, PhD, writes about science, health, and the environment from
Madison, Wisconsin.
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